Abstract: Soil moisture (SM) plays a key role in many environmental processes and has a high spatial and temporal variability. Collecting sample SM data through field surveys (e.g., for validation of remote sensing-derived products) can be very expensive and time consuming if a study area is large, and producing accurate SM maps from the sample point data is a difficult task as well. In this study, geospatial processing techniques are used to combine several geo-environmental layers relevant to SM (soil, geology, rainfall, land cover, etc.) into a land unit area (LUA) map, which delineates regions with relatively homogeneous geological/geomorphological, land use/land cover, and climate characteristics. This LUA map is used to guide the collection of sample SM data in the field, and the field data is finally spatially interpolated to create a wall-to-wall map of SM in the study area (Garmsar, Iran). The main goal of this research is to create a SM map in an arid area, using a land unit area (LUA) approach to obtain the most appropriate sample locations for collecting SM field data. Several environmental GIS layers, which have an impact on SM, were combined to generate a LUA map, and then field surveying was done in each class of the LUA map. A SM map was produced based on LUA, remote sensing data indexes, and spatial interpolation of the field survey sample data. The several interpolation methods (inverse distance weighting, kriging, and co-kriging) were evaluated for generating SM maps from the sample data. The produced maps were compared to each other and validated using ground truth data. The results show that the LUA approach is a reasonable method to create the homogenous field to introduce a representative sample for field soil surveying. The geostatistical SM map achieved adequate accuracy; however, trend analysis and distribution of the soil sample point locations within the LUA types should be further investigated to achieve even better results. Co-kriging produced the most accurate SM map of the study area.
Introduction
Soil moisture (SM) has a significant impact on environmental processes and water resource management. However, it is often difficult to get an understanding of SM spatial variability due to the lack of ground truth SM data. Mapping SM spatial variability has been a topic of active research for the past two decades, and geographical information systems (GIS), geostatistical techniques, and remote sensing data can deliver important information for estimating and mapping SM [1] [2] [3] [4] [5] . Although the remote sensing technology has been providing much information about SM at various
The main contribution of this paper is its introduction of the land unit area (LUA) approach for SM field sampling, combined with its comparison of different interpolation methods in an arid study area. The LUA map was derived from various geospatial layers, which were combined to delineate areas with homogenous soil, land use/land cover, and climate characteristics. The benefit of the LUA approach is that it considers many of the variables which affect SM spatial variability.
Materials and Methods

Study Area
The study area is located in the northern part of Iran ( Figure 1 ). The climate type of the study area is arid and semi-arid (Garmsar, Iran), and the average annual precipitation is 120 mm. Land use in this area is mainly range, wildlife, recreation, agricultural, and unused land, while most land cover in the study area is bare land and sparsely vegetated land, with some cropland in the northern part of the area. Although the climate type in this area is dry, in some parts of the lowland area in the south, the groundwater table is high and near the top soil surface, which causes the soil to be relatively moist. Arid soils do not particularly have a great variety in soil texture, but in the study area, typically, soil is developed in the south-to-north direction, which is caused by an alluvial fan. The significant north-to-south variation in geophysical properties in this study area was the reason it was chosen as the study area for this research. 
Preparation of the Geospatial Database
In this study, to generate a geospatial database, firstly we collected the existing data both in digital format and hard copy maps of Semnan province, which covers our study area. This existing data was collected from local reports, unpublished studies, and local organizations. These datasets were created by different surveyors and using different tools, so they were all scanned (if hard copy), georegistered, and projected to a single projection/coordinate system to ensure their compatibility with one another. The Figure 2 has shown the overall work steps of this section. Specifically, the used data were as follows: 
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The components of the geospatial database, which from the structure out of GIS are included as data input, data storage and management, data analysis and transformation, and data output and presentation. Firstly, we searched for available data and then, provide remote sensing data, such as land cover, geology, vegetation cover, as required for the geospatial database. Data analysis and transformation means the achievement of transformation needed to remove errors from data or to update the data. On the other hand, the data manipulation and analysis functions determine the information that could be generated and extracted from GIS layers (climate type, soil type, geology, etc.). The result is a geospatial database in the form of maps and tables of attribute values. 
Derivation of the LUA Map
Research related to land unit areas has typically been limited to ecological studies, such as biodiversity, as this term originated in the ecological sciences [23] [24] [25] [26] [27] . We found only one previous study which used the LUA concept for soil research, but it did not consider SM [30] . The previous study suggested a method for soil study using LUA, and their approach was based on a geological and parental material view, while our method is different that it focuses on SM derivation and includes more particular environmental GIS layers which cover environmental factors that influence SM.
The study of SM needs the analysis of various parameters, e.g., physical, climatic, and geo-biological parameters. In this research, for producing homogeneous geo-physical areas (i.e., LUAs) for acquiring soil samples, the following environmental parameters were considered (after the pre-processing of the relevant datasets, as described in Section 2.2):
(1) Geology (2) Soil information (types, regime) (3) DEM (topography, slope, curvature) (4) Land cover/land use (5) Vegetation cover (5) DEM (topography, slope, curvature) (6) Geomorphology (7) Climate data (rainfall, temperature, evapotranspiration) (8) Remote sensing information (NDMI and land surface temperature) (9) Landform According to the above GIS layers, we should specify that the soil types and the soil regime data contain different information (Table.1 ). Landform was derived based on topography, and the land was classified into terrain types on the basis of two morphometric indices: slope and curvature [8, 30, 32] . The components of the geospatial database, which from the structure out of GIS are included as data input, data storage and management, data analysis and transformation, and data output and presentation. Firstly, we searched for available data and then, provide remote sensing data, such as land cover, geology, vegetation cover, as required for the geospatial database. Data analysis and transformation means the achievement of transformation needed to remove errors from data or to update the data. On the other hand, the data manipulation and analysis functions determine the information that could be generated and extracted from GIS layers (climate type, soil type, geology, etc.). The result is a geospatial database in the form of maps and tables of attribute values.
(1) Geology (2) Soil information (types, regime) (3) DEM (topography, slope, curvature) (4) Land cover/land use (5) Vegetation cover (6) DEM (topography, slope, curvature) (7) Geomorphology (8) Climate data (rainfall, temperature, evapotranspiration) (9) Remote sensing information (NDMI and land surface temperature) (10) Landform According to the above GIS layers, we should specify that the soil types and the soil regime data contain different information (Table 1) . Landform was derived based on topography, and the land was classified into terrain types on the basis of two morphometric indices: slope and curvature [8, 30, 32] . The GIS work flow for deriving the LUA map is divided into three phases, and was mainly done in a GIS environment (ESRI ArcGIS 10.1, Chiba University license). The workflow consisted of three phases.
Phase one: Several types of spatial analysis (e.g., filtering, merging, and overlaying) were performed to produce the LUA map. For example, the landform map was created using the slope curvature based on the DEM and combined with the geology map. The land form map, in raster format, was generalized by filtering it using the Majority Filter operator of ArcGIS to reduce the number of unwanted features, such as single pixels or small pixel agglomerates with an area smaller than 150 ha, which is considered to be the minimal mapping unit according to the final scale of the map (1:250,000). In addition, all raster data layers were converted into vector layers, and polygons smaller than a threshold fixed by the operator were eliminated by merging them into the wider joining polygon with the longest shared edge. In the next step, these shape files were thoroughly cleaned up by means of a vector rationalization process and used to derive the landform map. Finally, the landform map was combined with the land cover and vegetation percentage cover map to produce the LUA map. Figure 3 shows the entire work flow for creating the LUA map. Phase three:

Creating the SM map using sample points of field and LUA map in GIS  Using the geostatistical interpolation method in GIS to generate the SM map  Evaluation and comparison of SM maps of LUA, geostatistical, and NDMI Several types of spatial analysis (e.g., filtering, merging, and overlaying) were performed to produce the LUA map. For example, the landform map was created using the slope curvature based on the DEM and combined with the geology map. The land form map, in raster format, was generalized by filtering it using the Majority Filter operator of ArcGIS to reduce the number of unwanted features, such as single pixels or small pixel agglomerates with an area smaller than 150 ha, which is considered to be the minimal mapping unit according to the final scale of the map (1:250,000). In addition, all raster data layers were converted into vector layers, and polygons smaller than a threshold fixed by the operator were eliminated by merging them into the wider joining 
Field Survey of SM
The first step for field work is the selection of sample locations for collecting the field SM measurements. A composite soil sample should represent a uniform field area that has similar environmental characteristics such as climate, topography, geology, land use, vegetation, and soil type, etc., In field surveying, there are a number of different sampling approaches that can be applied depending on the objectives, and they are strongly influenced by scale. Common sampling designs include; grid sampling, random sampling, random stratified sampling, transects, and target sampling [7] . Therefore, one important step is to define the homogeneous site for each location before sample designing which, in this case, we used the random sampling within each of the LUA map polygons.
In this research based on the limitation of remote sensing data propagation in the soil, we took a sample from the top soil with a target sampling design. The target sampling approaches on the subject define the homogenous area and then took the sample in each LUA polygon. In total, twenty-five samples of soils were collected from different LUAs. At least two samples were collected using Global Positioning System (GPS), using a soil sampling tool kit from each LUA, respectively, at depths of 0-10 cm (top soil). The field work was done during September 2013 in study area ( Figure 4 ).
All at once the SM was measured by TDR (time domain reflectance) from the top soil in the field. Then, 0.5 kg of soil was taken and transported to the laboratory by a plastic tube and analyzed the physical properties and measured the moisture again (Table 1 ). In fact, in this research soil samples for laboratory experiment were prepared in two steps involving in-field moisture conditions and dried soil conditions after oven drying. After field work, the SM of the soil samples was measured once again by TDR in the laboratory and weighed carefully to record the field moisture condition. These samples were oven-dried in 24 h by 120˝C and then weighed again for calculating the gravimetric SM, and tested the accuracy of the TDR measurement as well.
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Spatial Interpolation Methods
Deriving the SM by field points sampling data is another challenge for SM mapping [5, 34] . After understanding the general spatial distribution of SM in the field for selecting soil sampling locations, which we suggest using the geospatial data for in the previous sections, the grid surface of SM needs to be produced based on the field measurements. Geostatistics is a branch of statistical theory related to the interpolation and mapping of distributed data. Geostatistical analysis methods are those that are based on statistical models that consider spatial autocorrelation (i.e., the principle that two data points close to each other are more likely to have similar values than two data points located farther apart). The regionalized variable concept is the basis for geostatistic, and states that the spatial variation of any variable might be expressed as the sum of three components [2] : ‚ A structural component, associated with a constant mean value or a polynomial trend; ‚ A spatially-correlated random component (auto-correlative component); and ‚ A white noise or residual error term that is spatially uncorrelated A recent review article found that, out of the 32 most popular interpolation methods, the inverse distance weighting (IDW), ordinary kriging (OK), and ordinary co-kriging (OCK) methods were the most frequently used in environmental studies [2] . Kriging models estimate the values at unsampled locations by a weighted averaging of nearby samples. The estimation of ordinary kriging is given by;
where z(x) is the unknown value needs to be estimated, λ is the weight of the point xi with a given value of z(xi). The correlations among neighboring values are modeled as a function of the geographic distance between the points across the study area, defined by a variogram. Kriging involves a various combination of linear regression and it is the based on a normal regression followed by ordinary kriging. Co-kriging takes advantage of correlation which might be exit among the variable of interest and more measured variables [31] . In general, kriging methods perform better than non-geostatistical methods [2] . Therefore, it has the high potential to apply the point measurements and create the map from field sampled SM data. Some studies showed that co-kriging is superior to kriging [2, 7] . In this research, the kriging and co-kriging (ordinary) are applied for SM mapping using sample points' measurements.
In the IDW method, the weightings are solely a function of the distance between the point of interest and the sampling points for i = 1, 2, . . . , n. Considering the distance d i between these two points, the value of a point of interest point takes the form:
where Z is the interpolated value of the point of interest; Z i is the value of sampling point i (i = 1, . . . , n); d i is the distance between the interpolated and sampled values. A robust interpolation method is needed to do this, and many have been discussed significantly in the literature. Among numerous interpolation methods, there is no report which obviously mentioned a method is uniquely optimal for interpolation; therefore, the best interpolation method for a specific condition can only be obtained by comparing their results to each other [1, 5, 29] . Some research has been done on comparing different interpolation methods in a variety of situations. However, there have been few reports comparing different interpolation methods for SM. In this research, we used the twenty-five sample points based on LUA and axillary data of soil and vegetation cover percentage map for co-kriging.
Creation of SM Maps
The final step in this research produced the SM map in the arid area by sample points using the spatial interpolation method based on the geostatistical method in GIS which is presented in the last section. After preparation of the SM data from each point in field surveying the point map created in ArcMap and then the geostatistical tools was applied on the point map. The three soil maps produced by kriging, co-kriging, and IDW method and these maps were compared to each other by RMSE and QQ plot. The Figure 5 has shown the overall flowchart for producing the SM map.
The other SM map was created based on the LUA map in ArcMap. In this map, each polygon of LUA map gave the value of the SM sample and created the grid-based SM. Moreover, the SM map of Landsat remote sensing incorporates multi-band indexes, such as NDMI.
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Results and Discussion
Geospatial Database to Produce the LUA Map
As mentioned before, the tools of remote sensing and GIS are important to achieve the results of this study; therefore, satellite images are used to produce the data, such as land cover, moisture and vegetation indices, etc. GIS techniques were used to composite, extract, and analyze data and create the derived information related to geo-environmental indexes in the form of SM. Table 2 has shown the example of the attribute table of soil information in the geospatial database. All of the geospatial analysis, standardizing of the layers, has been done in ArcMap software. Figure 6 has shown some input maps as base layers in a geospatial database.
(a) (b) Figure 5 . The main steps of geospatial database creating, LUA map, and spatial interpolation methods in GIS to produce the SM map.
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by kriging, co-kriging, and IDW method and these maps were compared to each other by RMSE and QQ plot. The Figure 5 has shown the overall flowchart for producing the SM map. The other SM map was created based on the LUA map in ArcMap. In this map, each polygon of LUA map gave the value of the SM sample and created the grid-based SM. Moreover, the SM map of Landsat remote sensing incorporates multi-band indexes, such as NDMI.
Results and Discussion
Geospatial Database to Produce the LUA Map
As mentioned before, the tools of remote sensing and GIS are important to achieve the results of this study; therefore, satellite images are used to produce the data, such as land cover, moisture and vegetation indices, etc. GIS techniques were used to composite, extract, and analyze data and create the derived information related to geo-environmental indexes in the form of SM. Table 2 has shown the example of the attribute table of soil information in the geospatial database. All of the geospatial analysis, standardizing of the layers, has been done in ArcMap software. Figure 6 has shown some input maps as base layers in a geospatial database. 
Land Unit Area (LUA) Map Production
Several geospatial techniques were used in a GIS environment to produce the LUA map ( Figure 7 ). In ArcMap we used the overlaying by weighting, meaning we obtained the score in the range of 1-5 points for each environmental layer that was more influenced by SM. This score was decided based on the field observation and the basic terminology of SM relationships in the study area. The score of each layer is as follow: the landform, 5; the vegetation cover, 4; and the land cover types, 3. This map is solved by expert interpretation, field observation, a comparative visual check by Google Earth, and remote sensing data. This point map is ready for field work as a soil surveying base map. The LUA map includes 11 classes with unique codes related to their general characteristics, as shown in Table 3 . During the field work and observation, we understood the LUA polygons could reasonably cover the spatial variability of geophysical parameters which affected SM, to detect the best areas for introducing representative soil samples. The largest LUA unit was BFC in the middle part of the study area, and the smallest was RPL in the south. In the study area, usually in southern and northern parts the LUA, units are smaller in size than in the middle part due to the low variability in a land geophysical characteristic, such as land cover, geology, and soil in the middle part of the study area. It seems, in an arid environment, due to lower variability in other geo-biological factors, such as soil and vegetation type, the land cover can be counted as one of the most important base layers for generating the LUA map. Table 3 . Unit code descriptions of the land unit area map ( Figure 7 ).
ID Info
AFC
Agriculture with mixed cropland, alluvial, and colluvial parent material, deep soil, loam to clay soil texture BFC Bare land in plain, alluvial fan, clay soil and silt soil, fine to coarse sandstone, lowland RPL Rangeland, plain, soil with good depth and fertilizing, clay loam, and clay In addition to the SM maps we produced by spatial interpolation of the field sample data. We also produced another SM map for visualization purposes (to show the different SMs of each LUA type) by assigning the average SM values of a LUA type (obtained from the field sampling) to the corresponding LUA polygons, as shown in Figure 7b . The comparison of this map with NDMI and the geostatistical SM map has shown it has a more geometric correlation with land surface characteristics.
SM Mapping Using the Spatial Interpolation Method and Comparison
The variogram describes the degree of similarity between attribute values at sample sites x and x + h as a function of their geographical separation or lag h. In variograms, the distance between data points (X-axis) is plotted against the semivariance (Y-axis) (Figure 8a ). The covariance map of prediction map has shown in Figure 8b .
The trend analysis was done in the study area using point project attribute data of SM samples ( Figure 9 ). Figure 9 shows the trend in spatial variation of SM. The trend results have shown that the green trend line with values at the end of Y axis has a gradual reducing trend, and then it has an increasing trend in the X-axis. However, the blue trend line from the furthest end of the X-axis in the Y-axis shows a gradual reduction. Rendering to two above curves, order to trend removal was interpolated such that spatial variations in the northeast-to-southwest direction were intensive, but there is a gradual variation in the direction of northwest-to-southeast.
Co-kriging uses information on several variable types. The key variable of concern is Z 1 , and both autocorrelation for Z 1 and cross-correlations between Z 1 and all other variable types are used to make enhanced predictions. It is appealing to use information from other variables to help make predictions, but one depends on the other. Co-kriging requires more estimation, including estimating the autocorrelation for each variable, as well as all cross-correlations. Theoretically, it is no worse than kriging because if there is no cross-correlation you can simply rely on autocorrelation for Z 1 . For co-kriging, we used the soil map and vegetation canopy percentages as additional explanatory variables. The empirical variogram was produced by using the three different maps, SM points from field surveying, soil map, and vegetation cover map. LUA map was linked to SM point map as an as a basic map of it. The sill, range and nugget were investigated by these three variables of soil, vegetation, and LUA against the points of the sample. In fact, the sill, nugget, and range are approving the variable which has enough correlation with sample points. Since the study area was not very wide and the LUA map was very helpful to detect the polygons for sampling, the range, sill, and nugget have shown a logical trend among them. The range value shows that the sample has an acceptable distribution of distance within the LUAs.
Kriging collects the interpolation methods that rely on semi-variogram models of spatial autocorrelation to generate predicted values and other information regarding the distribution of values for each location in the study area through quintiles and probability maps, or via geostatistical simulation, which provides a set of possible values for each location. The data distribution and model results can be visualized in the normal QQ plot, in which the standard normal distribution is plotted on the x-axis (Figure 10) . If the data is normally distributed, the points will be located along the 45-degree reference line. Co-kriging uses information on several variable types. The key variable of concern is Z1, and both autocorrelation for Z1 and cross-correlations between Z1 and all other variable types are used to make enhanced predictions. It is appealing to use information from other variables to help make predictions, but one depends on the other. Co-kriging requires more estimation, including estimating the autocorrelation for each variable, as well as all cross-correlations. Theoretically, it is no worse Co-kriging uses information on several variable types. The key variable of concern is Z1, and both autocorrelation for Z1 and cross-correlations between Z1 and all other variable types are used to make enhanced predictions. It is appealing to use information from other variables to help make predictions, but one depends on the other. Co-kriging requires more estimation, including estimating autocorrelation to generate predicted values and other information regarding the distribution of values for each location in the study area through quintiles and probability maps, or via geostatistical simulation, which provides a set of possible values for each location. The data distribution and model results can be visualized in the normal QQ plot, in which the standard normal distribution is plotted on the x-axis (Figure 10) . If the data is normally distributed, the points will be located along the 45-degree reference line. Validation is possible by comparing two methods by cross-validation, but instead of using the same dataset to build and evaluate the model, two datasets are used; one to build the model and the other as an independent test of performance. In this research, we used the Subset Features tool to randomly split the data into training and testing subsets. For validation, we are comparing which method is best for our dataset. The first we compared between the two different technique of kriging and co-kriging and then with IDW ( Figures 10 and 11 ). The comparison is based on the root mean square error (RMSE), standardized mean error, and average standard error. Normally, the best model is the one that has the standardized mean close to zero, the smallest root mean squared prediction error, the average standard error nearest the RMS prediction error, and the standardized RMS prediction error nearest to one. In our comparison, the co-kriging method achieved the lowest RMSE and standardized mean, so it was recognized as the best model (Figure 10b ), followed by kriging and, finally, IDW (Figure 11 ). Validation is possible by comparing two methods by cross-validation, but instead of using the same dataset to build and evaluate the model, two datasets are used; one to build the model and the other as an independent test of performance. In this research, we used the Subset Features tool to randomly split the data into training and testing subsets. For validation, we are comparing which method is best for our dataset. The first we compared between the two different technique of kriging and co-kriging and then with IDW ( Figures 10 and 11 ). The comparison is based on the root mean square error (RMSE), standardized mean error, and average standard error. Normally, the best model is the one that has the standardized mean close to zero, the smallest root mean squared prediction error, the average standard error nearest the RMS prediction error, and the standardized RMS prediction error nearest to one. In our comparison, the co-kriging method achieved the lowest RMSE and standardized mean, so it was recognized as the best model (Figure 10b ), followed by kriging and, finally, IDW ( Figure 11) .
Finally, after the analysis of the interpolation method, the SM map was derived by the geostatistical technique of ordinary kriging, co-kriging, and IDW in ArcGIS software (Figure 12a-c) . The normalized different moisture index (NDMI: TM4-TM5/TM4+TM5) was produced by Landsat TM data for comparing the result visually (Figure 12d ). These three maps have shown the moisture in the range of 2-10 percentages, which the kriging method of the study area shows in the moderate range, and IDW shows all ranges in the legend in this variable range of moisture. Normally, in the study area, the moisture content is increasing from north to south, as shown in the maps; there are some areas which are covered by wet soil due to the geomorphology of the plains (Playa), which led to high level groundwater. Although the groundwater level is high, on the other hand, evaporation is high as well; therefore, the salt plain appeared. In this way, the spatial interpolation method is very significant to understand the trend of the prediction map using a point sample with regional distribution variability. Therefore, according to this variability, regionalized variable theory is used to model the spatial dependence of soil properties by variogram analysis, which is required for spatial prediction. Finally, after the analysis of the interpolation method, the SM map was derived by the geostatistical technique of ordinary kriging, co-kriging, and IDW in ArcGIS software (Figure 12a-c) . The normalized different moisture index (NDMI: TM4-TM5/TM4+TM5) was produced by Landsat TM data for comparing the result visually (Figure 12d ). These three maps have shown the moisture in the range of 2-10 percentages, which the kriging method of the study area shows in the moderate range, and IDW shows all ranges in the legend in this variable range of moisture. Normally, in the study area, the moisture content is increasing from north to south, as shown in the maps; there are some areas which are covered by wet soil due to the geomorphology of the plains (Playa), which led to high level groundwater. Although the groundwater level is high, on the other hand, evaporation is high as well; therefore, the salt plain appeared. In this way, the spatial interpolation method is very significant to understand the trend of the prediction map using a point sample with regional distribution variability. Therefore, according to this variability, regionalized variable theory is used to model the spatial dependence of soil properties by variogram analysis, which is required for spatial prediction.
(a) (b) Finally, after the analysis of the interpolation method, the SM map was derived by the geostatistical technique of ordinary kriging, co-kriging, and IDW in ArcGIS software (Figure 12a-c) . The normalized different moisture index (NDMI: TM4-TM5/TM4+TM5) was produced by Landsat TM data for comparing the result visually (Figure 12d ). These three maps have shown the moisture in the range of 2-10 percentages, which the kriging method of the study area shows in the moderate range, and IDW shows all ranges in the legend in this variable range of moisture. Normally, in the study area, the moisture content is increasing from north to south, as shown in the maps; there are some areas which are covered by wet soil due to the geomorphology of the plains (Playa), which led to high level groundwater. Although the groundwater level is high, on the other hand, evaporation is high as well; therefore, the salt plain appeared. In this way, the spatial interpolation method is very significant to understand the trend of the prediction map using a point sample with regional distribution variability. Therefore, according to this variability, regionalized variable theory is used to model the spatial dependence of soil properties by variogram analysis, which is required for spatial prediction. As we mentioned before, the geospatial database, and the resulting LUA maps, could be useful for field work in soil moisture surveying. In this way, the understanding of interacting with soil, among other environmental factors, would be probable for spatial variability of SM and soil sampling in the field. For achieving the homogenous area as a base map of the field work in soil surveying, the LUA map is the most reliable unit since it comes from different base layers and includes more variables which affect SM properties. Generally, the accessible soil digital map was interpreted using associated and generalized knowledge concerning the impact of topography, geology, and land cover on soil properties. However, the LUA approach for delineating homogeneous areas in terms of soil, geological, vegetation, geomorphology, landform, and land cover is most practicable. Therefore, it As we mentioned before, the geospatial database, and the resulting LUA maps, could be useful for field work in soil moisture surveying. In this way, the understanding of interacting with soil, among other environmental factors, would be probable for spatial variability of SM and soil sampling in the field. For achieving the homogenous area as a base map of the field work in soil surveying, the LUA map is the most reliable unit since it comes from different base layers and includes more variables which affect SM properties. Generally, the accessible soil digital map was interpreted using associated and generalized knowledge concerning the impact of topography, geology, and land cover on soil properties. However, the LUA approach for delineating homogeneous areas in terms of soil, geological, vegetation, geomorphology, landform, and land cover is most practicable. Therefore, it seems this study's method offers a quick and fruitful technique based on the land unit map by using the geospatial database in a GIS software environment. As a result, this research created a new technique for landscape setup to create the land unit area (LUA) map. For large study areas, much time is needed for soil surveying to understand the spatial distribution of soil properties like SM; therefore, the use of LUA maps to intelligently select soil field sample points is very important.
Conclusions
Soil samples in the field must return the overall or average soil characteristics of a homogenous field. For this reason, the new LUA was applied to introduce homogeneous areas for selecting soil sample positions in the field. It was found that the technique to produce the land unit area (LUA) from geospatial databases of environmental parameters was effective for the selection of soil sampling and, finally, for SM mapping. The results showed that the LUA map was successful for taking representative sample points of SM. In addition, by updating either make an automatic algorithm in GIS, the changes of any layers in the geodatabase over time and space can be used to update the LUA map for future field work.
Comparison of the four SM maps; three of the geostatistical methods and one based on LUA; the co-kriging method could derive the most accurate SM map, followed by kriging and, finally, IDW. Although it seems the co-kriging could be more flexible than kriging because it makes it possible to add some other explanatory variables for interpolation. For instance, in SM mapping, it is possible to add the variable of either soil geology or other information which we have in our disposal. Finally, the most important factor for creating a reliable model in geostatistical spatial interpolation is a dataset with a satisfactory spatial distribution of sample points. This means an understanding of soil spatial variability and modeling and mapping is very important to derive the more accurate SM map.
In this study, we have attempted the production of a SM map from soil survey data, taking into account soil spatial variation in the field using GIS-based techniques from the beginning (the soil sampling design) to the end (SM mapping by geostatistical interpolation). Not only has an attempt been made to evaluate or model the generated digital soil maps, this research reflects the complete process of soil sampling, soil spatial variation consideration, and spatial interpolation methods. Further study is recommended on how to better take advantage of geospatial database technology with higher resolution input layers to achieve the more detailed scales of LUA map and accurate result of a SM outputs. Additionally, further study can investigate how the components of the SM interact with one another to impact the environmental factor affected by soil spatial variability, and finally, attempt to automatically create the LUA in GIS.
